Satellite and reanalysis precipitation products are widely utilized for streamflow simulation, which is one critical hydrological application, especially for ungauged regions. Possible ways to improve streamflow simulation are investigated in this study by merging multi-source precipitation products, or directly merging streamflow simulated with different precipitation products. Two satellite-based precipitation products, Tropical Rainfall Measuring Mission (3B42 Version 7) and Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks-Climate Data Record (PERSIANN-CDR), and one reanalysis precipitation product, National Centers for Environment Prediction-Climate Forecast System Reanalysis (NCEP-CFSR) are selected. Bayesian model averaging (BMA) is used to merge multisource precipitation estimates and streamflow simulations. The results show that merging multi-source precipitation products made little difference to improve streamflow simulation. Merging multi-source streamflow simulations using the BMA generally achieved better performance on streamflow simulation, indicating that this approach is more efficient than merging multi-source precipitation products.
Introduction
Precipitation is the vital driver for hydrological modelling. The reliability and accuracy of precipitation is of great importance for streamflow simulation. Gauge observations is a traditional approach to obtain in situ precipitation information. However, its limitations are obvious as the networks of conventional rain gauges are spare and inadequate to capture the spatial and temporal variability of precipitation systems. The satellite remote sensing brings unprecedented observations, for example, more and more satellite-based precipitation products have been released. Along with it, new applications have risen in the field of distributed hydrological modelling which require accurate precipitation estimates at high spatial resolution (Goudenhoofdt and Delobbe 2009) . Besides satellite remote sensing-based precipitation products, some global reanalysis datasets with high spatio-temporal resolutions also have been applied to compensate for the lack of direct observations (Largeron et al. 2015) .
Many studies have evaluated satellite precipitation products as well as global reanalysis datasets against in situ observations and then investigated their potential capability for streamflow simulation. Some of them conducted direct comparisons of satellite or reanalysis precipitation products with the rain gauge network through statistics-based quantification (e.g. Chen et al. 2013 , Zulkafli et al. 2014 , Miao et al. 2015 , Tang et al. 2016 . Some other studies evaluated the hydrological utility, especially streamflow simulation, of these precipitation products combined with statistical assessment (e.g. Jiang et al. 2012 , Zhu et al. 2016 , Li et al. 2017 . These studies proved that generally it is difficult to conclude which precipitation product stand out for different precipitation products have advantages on some certain aspects. Therefore, there are some attempts which tried to improve streamflow simulation via merging multiple precipitation products (Chiang et al. 2007 , Chao et al. 2018 .
Merging precipitation products with in situ observations may be ineffective when there are no rain gauge observations and/or the precipitation products have large deviations (Jiang et al. 2012) . One vital value of satellite or reanalysis precipitation products is to be used as reference datasets for ungauged regions. And some studies state that the hydrological model can tolerate the errors of precipitation products through its non-linear system by adjusting the parameters of the model (Stisen and Sandholt 2010, Bitew and Gebremichael 2011) . Regarding these, directly merging the streamflow simulated with multiple satellite or reanalysis precipitation products can be a novel way to improve the streamflow simulations or predictions, which is practical for ungauged regions and regions with limited data. Jiang et al. (2012) evaluated multi-satellite precipitation products and optimally merged their simulated hydrological flows using the Bayesian model averaging method. Their results showed that the simulated streamflow series were improved and became more robust. There are some other studies attempting to improve streamflow simulations by merging the simulated flows from different precipitation sources as inputs (Jiang et al. 2014) .
But as far as we know, there few works have investigated which strategy is more efficient, which is the target of the current study. Three widely used near-global precipitation products, Tropical Rainfall Measuring Mission 3B42 Version 7 (TRMM 3B42V7), Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks-Climate Data Record (PERSIANN-CDR), and National Centers for Environment Prediction-Climate Forecast System Reanalysis (NCEP-CFSR), which are abbreviated to TRMM, CDR and NCEP, respectively, hereinafter, are selected. The reasons why these three precipitation products are selected are as follows: (1) TRMM is the latest released version 7 of the post-real-time product from the TRMM Multi-satellite precipitation analysis, and many evaluation studies have proved its suitable accuracy by comparing it with gauge observations, as well its application in hydrological modelling (Zulkafli et al. 2013 , Tong et al. 2014 , Yong et al. 2014 , Zhu et al. 2016 . (2) CDR is a new retrospective satellite-based precipitation dataset which is designed for long hydrological and climate studies (Ashouri et al. 2014) . (3) Different from TRMM and CDR, NCEP is a reanalysis dataset which also has been widely applied in hydrological modelling (Bao and Zhang 2013, Beck et al. 2017) . These three precipitation products will be merged using Bayesian Model Averaging (BMA) method to investigate the improvement of their corresponding simulated streamflow compared with that using individual precipitation source. Secondly, the simulated streamflow forced by TRMM, CDR and NCEP precipitation estimates will be optimally merged using the BMA method, which is then compared with the simulated streamflow obtained with merged multi-source precipitation. In summary, this study is focused on improving the streamflow simulation by merging different precipitation and by merging different simulated streamflow with corresponding precipitation source as inputs. This paper is organized as follows: Section 2 briefly introduces the study area and the datasets used; Section 3 describes the methodology utilized; Section 4 presents the results and discussions; and Section 5 summarizes the conclusions.
Study area and datasets

Study area
The Xiang River Basin, which is chosen as the study area, is located between 24.5 and 28.25º N and 110.5-114.2º E, in southern China (Fig. 1) . The Xiang River is one of the largest tributaries of the Yangtze River, which flows into the Dongting Lake, the second largest freshwater lake in midChina. It is also the largest river in Hunan Province, China. The catchment area above the discharge station, Xiangtan station, is about 8.24 × 10 3 km 2 . Under a subtropical monsoon climate, the mean annual rainfall of the basin ranges from 1400 to 1700 mm and the average annual temperature is around 17ºC. The basin experiences floods and droughts frequently, and rainfall is distributed evenly throughout the year, most of it falling in April to June.
Datasets
As mentioned above, three precipitation products, namely TRMM, CDR and NCEP, are selected for this study. Their spatial distributions are illustrated in Figure 1 . The spatial resolution of TRMM is 0.25º × 0.25º, which covers the area from 50º S to 50º N. Its temporal coverage starts from 1998. CDR has the same spatial resolution as TRMM, but with a longer time period (1983 to present) and a broader spatial coverage (60ºS-60ºN). NCEP has a global coverage with a spatial resolution of 38 km, and begins in the year 1979.
As well as precipitation products, gauge observations from meteorological and discharge stations, containing meteorological variables (precipitation, temperature, relative humidity, wind speed and solar radiation) and discharge, are also used. The observations of 17 meteorological stations are provided by China Meteorological Administration, and the available time period is from 1987 to 2013. The accessible discharge record at the Xiangtan station is from 1970 to 2013. The spatial distribution of these precipitation and discharge datasets is also illustrated in Figure 1 .
The spatial distributions of average annual precipitation derived from TRMM, CDR, NCEP and gauge observations are illustrated in Figure 2 . Among them, the distribution of gauge observations is from interpolation of precipitation in gauge stations (Fig. 1) using the kriging method. Figure 2 shows that annual precipitation in the Xiang River basin is unevenly distributed with less rain in central and western parts of the basin, and more rain in southern and northeastern parts. The spatial distribution of TRMM is closest to that of gauge observations compared with CDR and NCEP, while CDR overestimates the precipitation in the southern and eastern parts and the distribution of NCEP is greatly unsmooth.
For hydrological modelling, geographical data are also essential. The digital elevation model (DEM) is downloaded from National Aeronautics and Space Administration Shuttle Radar Topographic Mission with 90 m resolution.
1 Land-use/landcover data with 1 km resolution are acquired from Global Land Cover 2000.
2 The soil data are also in 1 km resolution and are obtained from the Environmental and Ecological Science Data Center for West China, National Natural Science Foundation of China. The soil data contains two layers, topsoil and subsoil (Food and Agriculture Organization and International Soil Reference and Information Center, 2009).
Methodology
As mentioned in Section 1, two strategies are utilized to find out a better way to improve the performance of simulated streamflow. The first strategy is to merge precipitation products with BMA. Then, the merged precipitation estimates are used as inputs for the hydrological model. The simulated streamflow forced by merged precipitation estimates is compared with observations and simulated streamflow forced by individual precipitation products to investigate the efficiency of Strategy 1. Strategy 2 is to merge streamflow simulated with individual precipitation products. Similar to the first strategy, the merged streamflow simulations are analysed with streamflow observation as the reference. The streamflow simulations based on Strategy 1 and Strategy 2 are also compared with each other to find out the better strategy.
Considering the three precipitation products selected in this study, the specific steps are as follows:
Step 1. CDR, TRMM and NCEP precipitation estimates are used as inputs for a hydrological model to simulate streamflow, and three types of simulated streamflow can be obtained: Q_cdr, Q_trmm and Q_ncep, respectively. Step 2. Two or three types of streamflow simulated in Step 1 (e.g. Q_cdr and Q_trmm) are merged using BMA, which results in three kinds of streamflow estimates that are streamflow time series merged from forcing: by CDR and TRMM (Q_ct), by NCEP and TRMM (Q_nt) and by TRMM, CDR and NCEP (Q_ctn).
Step 3. Two or three precipitation products are merged using BMA, producing three new precipitation estimates that are merged: CDR and TRMM (Pre_ct), NCEP and TRMM (Pre_nt) and all the three (Pre_ctn). Then, three kinds of streamflow simulation can be obtained using these three merged precipitation estimates as input, to produce streamflow time series simulated with: merged CDR and TRMM precipitation estimates (Q_pre_ct), merged NCEP and TRMM precipitation estimates (Q_pre_nt) and merged TRMM, CDR and NCEP precipitation estimates (Q_pre_ctn).
Step 4. Streamflows simulated in Steps 2 and 3 are compared to find out which is the better strategy.
Evaluation statistics
To quantify the efficiency of merged precipitation estimates, five widely used evaluation statistical indices are utilized in this study: the correlation coefficient (CC), relative bias (BIAS), root mean squared error (RMSE) and mean error (ME). The CC indicates the degree of linear correlation of precipitation products/merged precipitation estimates and gauge observations; BIAS describes the relative degree of the systematic error of merged precipitation estimates or precipitation products; and RMSE attaches a larger weight to the errors relative to the mean absolute error, and is used to measure the average error between merged precipitation estimates/precipitation products and gauge observations. The performance indices are calculated as follows:
In Equations (1)- (4), G i and G are the precipitation observations and their mean value, respectively, from rain gauges; and S i and S represent precipitation derived from CDR, TRMM, NCEP or merged precipitation estimates and their average value, respectively.
As well as these four statistical indices, in order to evaluate the hydrologic model performance based on simulated streamflow and streamflow observations from discharge stations, the Nash-Sutcliffe efficiency coefficient (NS) is used. The NS is defined as:
where Q oi , Q si and O o are the streamflow observations, simulated streamflow and mean of streamflow observations, respectively.
Hydrological modelling
The Soil and Water Assessment Tool (SWAT) is used for streamflow simulation in this study. It is a river basin-scale and semi-distributed hydrological model based on daily or sub-daily time step datasets (Arnold et al. 1998) . The model is set up with a 10.2 ArcGIS user interface in this study. A modification of the Soil Conservation Service curve number method (USDA 1972 ) is utilized to compute surface runoff for its input datasets are at daily scale which can be satisfied in this case. The Penman-Monteith method is selected among the three options provided by the SWAT model to estimate potential evapotranspiration because it is strongly recommended as the standard equation by the Food and Agricultural Organization of the United Nations, and numerous studies have shown that it is the most precise method because of its good results compared with other equations throughout the world (Tabari and Talaee 2011) . The SWAT model generally divides the watershed into subbasins and then into Hydrological Response Units (HRUs), which is the most basic computational unit combining different soil type, land use/land cover and slope. In this case, the Xiang River Basin is divided into 25 sub-basins and 495 HRUs. The sub-basins, soil types and land-use classification of the Xiang River Basin are illustrated in Figure 3 .
The Latin-Hypercube and One-factor-at-a-time sampling method (Nijssen 2004 ) is employed for the parameter sensitivity analysis, which is essential to figure out which parameter contributes more to the output variance and further to reduce the number of parameters in the calibration process.
Model calibration is a process used to optimize parameters to generate the best simulation with the observations as reference dataset. Calibration results are different when using different precipitation sources as input. Some studies have compared the efficiency of two ways to do the calibration: one is to utilize rain gauge precipitation as the forcing data, and the corresponding best set of parameters is used by the other precipitation sources to do the streamflow simulation; the other way is to do the calibration separately with each precipitation source, and the streamflow simulation is accomplished with its own corresponding calibrated parameters. The results generally show the second way performs better (e.g. Yilmaz et al. 2005 , Bitew et al. 2012 , Zhu et al. 2016 . Therefore, in this study, the calibration is carried out in the second way. A tool named SWAT Calibration and Uncertainty Program (SWAT-CUP) is freely available and can be used to perform sensitivity analysis, calibration, validation and uncertainty analysis. The SUFI-2 (parallel Sequential Uncertainty Fitting Version 2) approach is chosen among the five techniques provided by the SWAT-CUP in this study, for it is easy to use, not computationally expensive and flexible in allowing for arbitrary likelihood objective functions (Yang et al. 2008) . The NS is selected as the objective function, and the threshold of behaviour simulation is defined as 0.5 in this study. The threshold is also applicable in other calibration studies (Mishra et al. 2010 , Safeeq and Fares 2012 , Zhu et al. 2015 .
Regarding the different available periods of gauge precipitation, CDR, TRMM, NCEP and streamflow observations, the calibration period is selected as 2002-2010, with the first two years as the warming-up period, and the validation period is 2011-2013.
Simulation scenarios
As stated at the beginning of Section 3, this study is aimed to find out a more efficient way to improve streamflow simulation forcing by different sources of precipitation. Three scenarios are selected. For comparison, streamflow simulated with individual precipitation source is regarded as Scenario I, and the other two scenarios are the merging of multi-source precipitation products and the merging if streamflow simulated with individual precipitation product. The details of these three scenarios are presented in Table 1 and Figure 4. 
Merging method
Merging method used in this study is BMA technique. The BMA technique has been widely applied in hydrology and meteorology (Ye et al. 2004 , Raftery et al. 2005 , Vrugt and Robinson 2007 . The BMA approach uses the models' probability distribution function (PDFs) to determine the weights of each model. As described in Diks and Vrugt (2010) , there are different flavours of the BMA technique. The BMA can be used in the finite mixture model and in the linear regression model. The later method corresponds to averaging density forecasts in which case some forecasts may be assigned negative weights, while the former one assumes that the BMA weights are non-negative and add up to one. In this study, the BMA is used in the finite mixture model. For this finite mixture model, Raftery et al. (2005) define the BMA weights to be those that maximize the likelihood based on the data available for estimation, which is the calibration data. The estimation of the model weights and model variances is accomplished by using DiffeRential Evolution Adaptive Metropolis (DREAM), an adaptive Markov chain Monte Carlo (MCMC) algorithm, proposed by Vrugt et al. (2009) . Readers can refer to Diks and Vrugt (2010) for more details about the BMA method used in this study.
Results and discussion
4.1. Streamflow simulation Scenario I: streamflow simulated with CDR, TRMM and NCEP separately Figure 5 illustrates daily streamflow simulated with CDR, TRMM and NCEP precipitation estimates as inputs. It can be seen that streamflow simulated with TRMM performs the best, which is followed by that simulated with CDR and then NCEP. Figure 5 Table 1 for definitions of other scenarios. Negative biases indicate that TRMM-driven simulated streamflow is also underestimated compared with measured streamflow. Figure 5 (e) and (f) depicts daily streamflow forced by NCEP precipitation estimates. It shows that streamflow is largely overestimated compared with streamflow observations, with 33.48% overestimation in calibration period and 49.61% overestimation in validation period. Its NS shows that model efficiency is unsatisfactory with the value lower than 0.5.
Streamflow simulation Scenario II: streamflow simulated with merged multi-source precipitation products
Daily streamflow simulated with merged multi-source precipitation products are presented in Figure 6 . The hydrographs and evaluation indices in the figure indicate that streamflow simulated with merged CDR and TRMM precipitation estimates performs the best with largest NS (0.65) and smallest BIAS (−14.16%) in validation period. The results of simulated streamflow forced by merged NCEP and TRMM show the model efficiency is unacceptable with NS lower than 0.5 and the corresponding simulated streamflow is largely overestimated (BIAS: 26.04% in validation period). The results of streamflow simulated with merged all three precipitation products are quite close to that simulated with merged NCEP and TRMM, not only in validation period but also in calibration period. According to the results, it is suggested that CDR and TRMM precipitation estimates are more appropriate to be used as precipitation sources for merging multi-source product. This suggestion is based on the results of the selected three precipitation products in this study. Other sources, for example, the post-real time products of Integrated Multi-satellitE Retrievals for Global Precipitation Measurement (IMERG), can also be considered for merging multi-source precipitation products.
4.3. Streamflow simulation Scenario III: streamflow merged from that forcing by CDR, TRMM and NCEP Figure 7 illustrates the results of Scenario III, which are merged streamflow simulated in Scenario I. It shows that the simulated streamflow which merged the streamflow forcing by CDR, TRMM and NCEP behaves the best with 0.69 of NS and 6.7% of BIAS in the validation period, and also the best in calibration period (NS: 0.78; BIAS: 2.6%). The results of merging streamflow simulated with TRMM and NCEP are close to that of merging all three simulated streamflow, with the same model efficiency (NS: 0.69 in validation period) and slightly higher bias. From the bias values, it can be seen that simulated streamflow merged from that forcing by CDR and TRMM are underestimated (BIAS: −9.87% in the validation period) while the others are overestimated compared with streamflow observations. Figure 8 presents the comparison results of statistical indices of daily precipitation estimates of CDR, TRMM, NCEP and their merged precipitation estimates using BMA. Different precipitation products have their respective advantages, for example, NCEP has highest CC (0.77) but TRMM has smallest BIAS and ME (−1.16% and −0.05). Regarding this, merging multi-source precipitation estimates may generate a better and more stable precipitation estimate, then a better streamflow simulation. Figure 8 shows that merging CDR, TRMM and NCEP precipitation estimates leads to the best CC and RMSE (0.81 and 4.96 mm), but TRMM still beats BMA_ctn (BMA_ctn: the precipitation estimates merged CDR, TRMM and NCEP) with smaller BIAS and ME. For CDR, merging it with TRMM improves its performance on all statistical indices, while merging it with TRMM and NCEP worsen its BIAS from −8.45% to 21.72% and its ME from −0.33 mm to 0.86 mm. For NCEP, merging it with TRMM improves its behaviour on three indices except CC. To analyse the contributions of different precipitation products in merging process, Table 2 presents the weights assigned to CDR, TRMM and NCEP precipitation estimates based on in situ precipitation observations using BMA to merge multi-source precipitation. For 17 in situ gauges are used, so the weights of precipitation products are average values of the weights assigned to each in situ gauges. The results show that larger weight is assigned to TRMM when merging it with CDR. When merging NCEP with TRMM, they have comparable weights, with NCEP's a little higher weight. CDR contributes little when merging all the three precipitation sources, and NCEP has the highest weight, followed by TRMM. Table 3 summarizes the performance in terms of five evaluation indices for all three streamflow simulation scenarios. Table 3 indicates that in Scenario I, streamflow simulated with TRMM performs the best, with all evaluation indices better than the streamflow simulation forcing by CDR or NCEP, which consistent with the best performance of TRMM precipitation estimates.
Comparison of streamflow simulation Scenario I, II and III
In Scenario II, merging CDR and TRMM precipitation estimates results in the best streamflow simulation. However, the performance of streamflow simulation using Scenario II is worse than TRMM-driven simulated streamflow in Scenario I, which indicates that merging multisource precipitation products in this case cannot improve streamflow simulation. The fact that merging TRMM, CDR and NCEP results in the performance of merged precipitation estimates being better than TRMM precipitation estimates in terms of CC and RMSE, but greatly worse performance in terms of BIAS and ME (Fig. 8) , explains why the best simulated streamflow in Scenario II is worse than that in Scenario I.
In Scenario III, merging the streamflow simulated with CDR, TRMM and NCEP stands out as better than the other options, followed by merging streamflow simulated with TRMM and NCEP. This is probably because the underestimation of streamflow simulated with TRMM or CDR is alleviated by the overestimation of the streamflow simulated with NCEP. Comparing the streamflow simulation Scenario III with that in Scenario I shows that merging streamflow simulated with TRMM and NCEP (Q_nt) or merging all three individual simulated streamflow (Q_cnt) achieves better CC, NS and RMSE values of streamflow in the validation period, but slightly decreases the performance on BIAS and ME of streamflow. For the calibration period, the results of merging streamflow simulations are generally better than individual streamflow simulations.
In contrast to precipitation sources having respective strengths on different statistical indices, the performance of simulated streamflow is generally consistent on different statistical indices. Compared with streamflow simulated with CDR and NCEP, the streamflow simulated with TRMM performs the best on all the statistical indices (Table 3) . Therefore, the weights assigned to streamflow simulated with TRMM are the highest in all three merged streamflow (BMA_ctn, BMA_ct and BMA_nt) ( Table 2) .
Based on the above analysis, it is noted that merging streamflow is more efficient than merging multi-source precipitation estimates which is likely due to the large overestimation of NCEP in this case. The large overestimation of NCEP results in worse performance of merging NCEP with the other precipitation products. For CDR and TRMM, these two precipitation products are quite similar to each other; for example, both of them underestimate precipitation compared with gauge observations. The similarity means that merging these two precipitation products makes little difference to improve merged precipitation estimates, and then little improvement on simulated streamflow compared with the streamflow forced by the better precipitation product.
Conclusion
Satellite precipitation products and reanalysis precipitation estimates provide new opportunities for hydrological applications, which is particularly of great importance for ungauged regions and regions with limited access to precipitation data. This study investigated two potential ways to improve streamflow simulation, which are merging multi-source precipitation products and directly merging streamflow simulated with different precipitation products. The main conclusions are as follows:
(1) TRMM precipitation product outperforms CDR and NCEP based on BIAS and ME, but NCEP has better performance based on CC and RMSE. TRMM performs the best on streamflow simulation among the three precipitation products. (2) Compared with the best performance of TRMM precipitation product, merging multi-source precipitation products improves the merged precipitation estimates' performance based on CC and RMSE, but decreases their performance based on BIAS and ME. Streamflow simulation using Scenario II almost failed to improve the performance of streamflow simulation, which means merging multi-source precipitation made little difference to improve streamflow simulation in this case. However, it should be noted that this conclusion is based on the large overestimation of NCEP and the similar underestimation of TRMM and CDR compared with gauge precipitation observations. (3) Merging multi-source streamflow simulations using the BMA method generally achieved better performance of streamflow simulation, which indicates that streamflow simulation using Scenario III is better than that of Scenario II and Scenario I. This conclusion means that merging multi-source streamflow simulation is more efficient than merging multi-source precipitation products.
